Abstract A crucial issue to characterize hydraulic fractures is the robust, accurate and automated detection and location of acoustic emissions (AE) associated with the fracture nucleation and growth process. Waveform stacking and coherence analysis techniques are here adapted using massive datasets with very high sampling (1 MHz) from a hydraulic fracturing experiment that took place 410 m below surface in the Ä spö Hard Rock Laboratory (Sweden). We present the results obtained during the conventional, continuous water injection experiment Hydraulic Fracture 2. The resulting catalogue is composed of more than 4000 AEs. Frequency-magnitude distribution from AE magnitudes (MAE) reveals a high b value of 2.4. The magnitude of completeness is also estimated approximately MAE 1.1, and we observe an interval range of MAE between 0.77 and 2.79. The hydraulic fractures growth is then characterized by mapping the spatiotemporal evolution of AE hypocentres. The AE activity is spatially clustered in a prolate ellipsoid, resembling the main activated fracture volume (*105 m 3 ), where the lengths of the principal axes (a = 10 m; b = 5 m; c = 4 m) define its size and its orientation can be estimated for a rupture plane (strike *123°, dip *60°). An asymmetric rupture process regarding to the fracturing borehole is clearly exhibited. AE events migrate upwards covering the depth interval between 404 and 414 m. After completing each injection and reinjection phase, the AE activity decreases and appears located in the same area of the initial fracture phase, suggesting a crack-closing effect.
Introduction
Over the last few decades, it has become clear that numerous human activities could generate seismic activity implying environmental risks, such as induced seismicity (Ellsworth 2013; Rubinstein and Mahani 2015) . Fluids injection is a common practice to improve the exploitation performance in hydrocarbon fields or geothermal reservoirs increasing the permeability and the surface area of rock which is connected to the wellbore (Economides et al. 2000; Davies et al. 2013 ). This process, referred as hydraulic fracturing, consists in the high-pressure fluid injection into a target rock formation. When the stress on the hole wall in the direction of the maximum in situ stress exceeds the tensile strength of rock with increase in the fluid pressure, the fracturing process starts, generating new fractures (hydrofractures). An essential issue is to understand the initiation and growth of induced fractures by fluid injection estimating the size, orientation, potential geometries of rupture, which may be inferred from the migration of microseismicity. However, modeling of fracture properties from hydraulic tests is a complex process and the rupture details at a small case may be difficult to recognize and interpret due to heterogeneity of in situ stresses and existence of preexisting cracks. Numerical geomechanical modeling provides a means of including key aspects of natural complexity in simulations of hydraulic fracturing (Smart et al. 2014) . On the other hand, traditional approaches map the fracture extension using the hypocentres of induced seismicity (House 1987; Baisch and Harjes 2003; Fischer et al. 2008 ). The hydraulic fracture growth has been mapped at different scales such as hydrocarbon and geothermal exploitation covering rock volumes of several hundreds of meters (e.g., Suckale 2009; Zang et al. 2014) and mine scale over a few tens of meters (e.g., Maghsoudi et al. 2014) .
Our knowledge of hydraulic fractures growth has progressed substantially owing to more intensive high-quality instrumentation. In situ acoustic emission (AE) systems are capable to monitor fractures from meters to centimeters scale during hydraulic fracturing (HF) operations (Kwiatek et al. 2011; Zang et al. 2017) . Very weak seismic events, the so-called AE events, are recorded and can reach magnitudes below -7 (McLaskey et al. 2014; Goodfellow and Young 2014) . AE monitoring allows to analyze the growth and properties of hydraulic fractures (Niitsuma et al. 1993; Dahm 2001; Manthei et al. 2003) . Relevant aspects such as asymmetric ruptures can also be identified (Kochnev et al. 2007; Fischer et al. 2008 Fischer et al. , 2009 Dahm et al. 2010 ). In addition, in situ rock fracture experiments conduced at underground research laboratories provide the ideal conditions to improve the characterization of hydraulic fractures growth (Goodfellow and Young 2014; Zang et al. 2017) .
We focus this study in the implementation of innovative techniques to detect and locate massive microseismic or AE activity with robust and sufficiently accurate automatic algorithms. These techniques are here applied using a full waveform approach for a hydraulic fracturing experiment (Nova project 54-14-1) that took place 410 m below surface at the Ä spö Hard Rock Laboratory, Sweden (Fig. 1a) . The basic idea of the experiment was to compare hydraulic fracturing growth and induced AE activity under controlled conditions for different fluid injection schemes: continuous versus progressive fluid injection and dynamic pulse hydraulic fracturing (Zang et al. 2017) . Figure 1 shows the location of the experimental tunnel TASN, from where four boreholes were drilled, sub-parallel to orientation of minimum horizontal compressive stress. The middle borehole (blue line in Fig. 1 ) serves as hydraulic testing borehole and was drilled to a total length of 28.40 m, down dipping -4°. The remaining monitoring boreholes were drilled with inclination upwards to allow water outflow from AE sensor chains. This geometry in the predetermined stress state allows hydraulic fractures to propagate perpendicular to the hydraulic testing borehole, in the direction of maximum horizontal compressive stress, and in a direction toward the monitoring boreholes (Zang et al. 2017) . The in situ AE monitoring consists of 11 AE sensors and four accelerometers (Fig. 1b) . AE sensors employed are uniaxial side view sensors for borehole installation and allow very sensitive recording above 1 Hz (Philipp et al. 2015) . The measuring system GMuG AE-System is capable to operate in trigger and continuous mode. For this experiment, the acquisition system for the piezoelectrical sensors has been improved to record continuous signals with 1 MHz sampling rate. Zang et al. (2017) described the experiment and provided a reference catalogue of AE hypocenters obtained from four hydraulic fractures based on the in situ trigger and localizing network. We present the results obtained during the conventional, continuous water injection experiment Hydraulic Fracture 2 (HF2) using the continuous recording mode. HF2 is located at 22.5-m borehole length and recorded the most significant seismicity with 102 AE events relocated in the reference catalogue. In this work, we apply recently developed full waveform stacking and coherence analysis algorithms in order to: (1) increase the number of detections; (2) provide robust and accurate automatic relocations; (3) map and characterize the fracture growth identifying the main rupture plane geometries and AE activity migrations.
Full Waveform Detection
Hydraulic fracturing monitoring generates massive dataset recording that should be quickly analyzed to detect the induced AE activity. Traditional approaches such as STA/ LTA trigger algorithms offer the advantage of rapid analysis using recording in trigger mode for (near) real-time assessment. However, weak events could be lost when transient noises are generated in the fracturing area and poor trigger threshold is set with sequences characterized by short inter-event times. Waveform stacking and coherence techniques have been tested for local seismic monitoring and induced seismicity improving the classical detection methods (Matos et al. 2016; López-Comino et al. 2017a) . We consider continuous recordings and apply a recently developed automated full waveform detection and location algorithms (Lassie https://gitext.gfz-potsdam.de/ heimann/lassie, Heimann et al. 2017) .
Lassie is a python-based earthquake detector, which relies on the stacking of characteristic functions (Fig. 2) . It follows a delay-and-stack approach, where the likelihood of the hypocenter location in a preselected seismogenic volume is mapped by assessing the coherence of the P onset times at different stations (Cesca and Grigoli 2015) . Characteristic functions are obtained according to the energy variations calculated from the square amplitudes of each trace (Fig. 2b) . The stacking of them yields a global characteristic function used to quantify the detector level (Fig. 2d ) and the coherence values for the preliminary locations (Fig. 2c) . Lassie has been extended for this specific dataset to analyze very high sampled data (1 MHz) [see López-Comino et al. (2017b) for preliminary results]. The adoption of smooth characteristic function calculated from normalized amplitude envelopes allows to reduce the spatial and temporal sampling. This improves the computational performance of the algorithm and allows its application to high sampling data as a detector. Even in this condition with 1 MHz sampling, Lassie was able to process 1 h of data in 12 h, on a single workstation (8 processors with 4 cores each one), yielding about 80.000 samples/ second. The outstanding computational performance and smooth imaging of the coherence function are achieved at the cost of a larger location uncertainties in which accuracy can still be improved upon each event detection by applying different characteristic functions (Grigoli et al. 2013 (Grigoli et al. , 2014 see Sect. 3) . Preliminary locations are found for each detected event according to the maximum value of coherence and the travel-time stacking corrected with Pand S-wave velocities (Fig. 2c) . We have considered a homogeneous full space model where the velocities for both P-and S-waves were obtained from active ultrasonic transmission tests: v p = 5810 ± 120 m/s and v s = 3400 ± 200 m/s (Zang et al. 2017) .
A low detector threshold is chosen, in order not to loose weaker events and enhance the catalogue completeness. However, the small threshold also increases the number of false detections requiring an accurate classification. The dataset has been revised manually, and detected events visually classified in terms of real AE events, electronic noise, anthropogenic noise, long period noise and other signals (Figs. 3, 4) . The waveform signatures of most noise events differ clearly from seismic events (Fig. 3a, e) . Electronic noise (Fig. 3b) is found temporally associated with the fluid injection stages. Its occurrence hinders the search of real events. These signals share the same arrivals at all traces and similar frequency content and duration. Classification algorithms matching waveform or spectral patterns may be used for future analysis, but are not considered here. However, noise events generated by workers in the vicinity of the network (Fig. 3c ) are difficult to identify because they display a transient character like seismic events, especially when they were generated by (hammer) blows to the rock wall or dropping tools. A careful visual inspection is required to consider these aspects. Long period noise (Fig. 3f) corresponds with harmonic signals that are presumably originated inside the monitoring borehole and due to the irregular water inflow. We found other signals that cannot fit in the previous families and do not share similar characteristics to establish other possible families. Most of them are detected after the well is shut-in and could also be caused by human factors. However, some of them are observed during phases of constant injection rate: In those cases, they may result by the overlap of electronic noise and weak real events (Fig. 3e) , which hinder their safe classification. Excluding the AE signals and electronic noise, for the remaining types of signals, the amplitude of the characteristic function is usually low, so that these events can be easily removed by increasing the detection threshold (e.g., to a value about 750, as shown in Fig. 4 ). The detection rate results highly discontinuous, with the highest AE detection rates well corresponding to all fluid injection stages (Fig. 4) . Three AE events are detected during the packer inflation before the initiation of the HF2 experiment. A rapid AE activity increase is experimented when the constant injection rate is applied. Afterward, a rapid decrease is observed corresponding with few and isolated events. The number of AE events is accounted for the different stages of HF2 (see Table 1 in Sect. 4), being the Refrac 1 and 5 where the AE activity is the largest. Note that the continuous AE recording was not in operation during the whole Refrac 2 experiment and finished prematurely. This explains the detection of only four events during this stage.
Automated Locations Using Coherence
Standard automated locations routines are widely used for most seismological applications. Generally, they are based on the automated picking and identification of the seismic phase P and S, searching the iterative minimization of the residuals between the theoretical and observed arrival times of these main seismic phases (Geiger 1910) . However, hydraulic fracturing processes generate bursts of events, which recording is characterized by low signal-tonoise ratio and the locations could lose reliability for the weaker events. Other methodologies such as waveform coherence analysis have been used for mining-induced seismicity obtaining successful results (Grigoli et al. 2013 ). Robust and sufficiently accurate locations are reached with these techniques and can be extended to our dataset allowing credible interpretations about growth and migrations for the hydraulic fractures.
The location of the AE events is further refined using a more accurate waveform stacking method which uses both P and S phases (Grigoli et al. 2014) . The proposed method is fully automatic and only requires a few control parameters (maximum and minimum length of the short window, and short to long time window ratio), which can be chosen following a trial and error approach on a small subset of the largest events. A 3D grid is generated around the hydraulic fracturing volume (15 9 15 9 15 m) using a size grid of 10 cm. A multidimensional matrix is retrieved, whose absolute maximum corresponds to the spatial coordinates of the seismic event. The same homogeneous full space model considered for the detections is used. Moreover, the relative location accuracy can be improved using a master event approach . The preliminary absolute location of the largest events shows a clear cluster that delineates the fracture geometry and its spatial extent (Fig. 5a ). Next, we considered a master event inside this cluster with a very accurate location and high maximal coherence to obtain more accurate the relative locations. This approach reflects a regrouping of the largest localized events around the previously identified cluster (Fig. 5a ). All AE events, even the weakest, can be located using this technique resulting in a catalogue composed of more than 4000 AEs (Fig. 5b) . The relative hypocenters are spatially clustered in a planar region, resembling the main fracture plane, which orientation and size can be estimated from the spatial distribution of the AEs (Sect. 5). These results are consistent with those obtained by Zang et al. (2017) , from 102 locations only, where the main fracture was identified on the SE side of the HF2 experiment. However, the large number of detections allows us to extend and track the planar rupture down to 414 m depth, instead of 410 m.
We estimated uncertainties according to Grigoli et al. (2013) by assessing the spatial distributions of locations for each event after iteratively repeating the location procedure using a broad range of STA/LTA configuration. The in situ trigger mode estimated the maximum hypocenter location residual in 0.3 m (Zang et al. 2017 ) and it could be comparable with the hypocentral location errors for the events shown in Fig. 5a . In this case, the median uncertainty was lowered from 1.43 to 0.64 m using the master event approach and yielding uncertainties below 0.3 cm according to the 25th percentile. As discussed in Grigoli et al. (2016) , the accuracy of the relative location may be spatially dependent, increasing with the distance to the location of the master event. On the other hand, while traditional methods for visualization and interpretation of seismicity only consider the punctual information contained in each data point (i.e., the spatiotemporal coordinates of each seismic event), the kernel density estimator (KDE) allows to visualize massive seismicity data with the advantage that location uncertainties and mislocated events are fully taken into account. The KDE approach extends the method discussed in Cesca et al. (2016) for an aftershock sequence, which was based on the stack of coherence maps. In this context the KDE results a more objective visualization tool, in comparison to standard plots, which show the seismicity distribution only.
Frequency-Magnitude Distribution
The frequency-magnitude distribution (FMD) is an important feature of the observed seismicity that can be described by a power law such as the Gutenberg-Richter distribution proposed for earthquake catalogues (Gutenberg and Richter 1944) . This scaling relation seems to hold to very small magnitude events such as -4.1 when AE sensors are used (Kwiatek et al. 2011) . We investigate the FMD estimating the AE magnitude for our complete catalogue. Eisenblätter and Spies (2000) propose a relative magnitude in dB, which is not comparable with common seismological scales. This approach was used for the 102 relocated AE events detected from the trigger mode in the HF2 experiment, yielding an AE magnitude range between 24 and 49 dB (Zang et al. 2017) . To evaluate the FMD for the AE events in terms of the logarithm of maximum amplitudes, AE amplitudes reported in dB were divided by 20 and, thereby, we can produce the same form of the Gutenberg-Richter relation (Cox and Meredith 1993) . The size of the events is determined using the maximum amplitudes of the 11 AE sensor signals and the distances from the AE sources to the sensors, where the mean amplitude is defined as the amplitude value of the linear regression curve at a reference distance of 20 m from the source (Köhler et al. 2009 ). Note that we used the same scaling parameter and damping as in Zang et al. (2017) to calculate the mean amplitude, but use the maximal amplitude of the full waveform instead than from the P phase only. Similarly, we obtain absolute and dimensionless AE magnitudes (M AE ) that can be directly used to evaluate the FMD. This common approach allows to estimate b values and magnitude of completeness (M c ) of AE events from the FMD (Cox and Meredith 1993; Becker et al. 2010; Maghsoudi et al. 2013 Maghsoudi et al. , 2014 . Figure 6 shows the M AE estimations for our complete catalogue, with values ranging between M AE 0.77 and 2.79. Assuming empirical energy relations (Eisenblätter and Spies 2000) , M AE range between 0 and 5, would roughly correspond to moment magnitudes between M w -8 and -3. Therefore, our relative magnitude range corresponds with pico-, femto-and atto-seismicity and reveal fracture dimensions of millimeter to decimeter scale [Bohnhoff et al. 2009 , Table 1 therein]. Note that we will refer as AE activity in this work. A progressive increment of the M AE was observed during the whole HF2 experiment (Zang et al. 2017) . We confirm this observation: the largest event corresponds with M AE of 1.94 during the initial fracture phase (''Frac'' stage) and 2.79 during the propagation of the fracture in the final stage (''Refrac 5'') ( (Fig. 7) . We obtain a high b value of 2.38 and a M c of 1.1. In addition, these values are calculated for the different experiment stages in order to identify other possible relationships (Table 1 Another interesting issue is to check relation between the injected volume and the seismicity parameters (Fig. 8 , see Sect. 6).
High AE activity phases are identified for the HF2 stages. Hainzl (2016) showed that such high seismicity rates could reflect an apparent decrease in the estimated Gutenberg-Richter b value and short-term increases in M c above a basic completeness magnitude (Mc 0 ). We apply the method of Hainzl (2016) to account for these effects and estimate the rate-dependent completeness magnitude, M c (t) (Fig. 9 ). Mc 0 of 1.1 is assumed from the maximum curvature technique used previously (Fig. 7) . The binning interval of reported magnitudes of 0.01 and ten neighbor events are considered for calculating. Estimated b values for M c (t) are calculated for different threshold rates r max (Fig. 9a) . Stable b values of 2.57 ± 0.05 are found for rates below 300 events/min, but b values start to decrease for larger rates similarity to the results for the aftershock sequences and earthquake swarms (Hainzl 2016) . In  Fig. 9b , the estimated variation of M c (t) is shown as a red curve for r max = 300 and reflect increases in M c during the fluid injection in each stage reaching a maximum value of M c = 1.61 (the maximum values for the M c are reported in Table 1 ). A slight progressive increment of the M cmax (t) is observed during the whole HF2 experiment, which is coherent with the increase in the M AEmax (Table 1; Fig. 8 ). 
The Fracture Growth Process
The parameters of the hydraulic fracture, such as the rupture length and width, the rupture plane orientation and their temporal evolution can be estimated by mapping the fracture extension using the induced microseismicity (e.g., Kochnev et al. 2007; Fischer et al. 2008) . Preliminary results from the in situ trigger mode showed AE events migrating upwards outline a plane (strike 133°, dip 62°) extending up to 6.7 m away from the fracturing borehole (Zang et al. 2017) . Based on the previous analysis of AE events from continuous recording, we have a more complete catalogue with robust locations to improve the previous results. The spatial distribution of the AE events is clustered resembling an ellipsoid (Fig. 5) . A best fitting rupture plane can be identified considering the locations of the largest AE events (e.g., M AE [ 1.5) inside the cluster volume (Fig. 10) . A minimum search algorithm (scipy.optimize.curve_fit, which use a nonlinear least squares to fit a function, see http:// www.scipy.org/) is applied to get the plane equation. The fracture plane has a strike of 123.6°and a dip of 55.6°, an orientation compatible to the one stated by Zang et al. 2017 , where the fracture orientation from the impression packer indicated a strike of 123°and dip of 60°. Figure 11 displays the location of the AE events following the characteristic of the main rupture plane, showing the side views along the plane azimuth and perpendicular to the plane. The ellipsoidal-shaped cluster of hypocenters can be used to characterize the spatial extension of the main fracture assuming the area where the Gaussian kernel density is larger than 50% (green, yellow and red
preliminary locations relocations using a master event KDE (a) (b) Fig. 5 a Small subset of the largest AE events (amplitude of characteristic function larger than 1500, in total 258 AEs, see Fig. 4 ) is located with two techniques: waveform coherence analysis (gray dots) and relocation using a master event (black dots). Blue line and red star show the fracturing borehole and the location of the HF2 experiment, respectively. b All AE events relocated using a master event (4158 AEs), showing the Gaussian kernel density where red denotes higher density and blue regions with few events. This kernel density estimator (KDE) shows the probability density function according to the spatial distribution of the hypocenters for each plot.
A normalized color bar scale is used for all plots; the absolute maximum value of the KDE is indicated on the lower right corner for each plot. Black line and black star show the fracturing borehole and the location of the HF2 experiment, respectively. a and b show the map view on the top and two side views on the bottom: i perpendicular to the fracturing borehole and ii along the fracturing borehole. The square with dashed line in map view indicates the search area used in the location. Note the location searching on depth is limited between -402 and -417 m (color figure online) zones in Fig. 11 ). This is quantified according to the principal axes of length: a = 10 m; b = 5 m; c = 4 m (see labels in first column of Fig. 11 ) Note that the main rupture volume corresponds with this ellipsoid (*105 m 3 ), but the rupture extension could be even larger considering all locations of the AE events, some of which appear to be more spatially scattered. This prolate ellipsoid (b & c) shows an asymmetric rupture whose center is located about 1 m away from starting of the HF2 experiment (see eccentricity, e, in Fig. 11) .
Next, the AE activity migration is analyzed to characterize the hydraulic fracture growth considering the different stages of the HF2 experiment (Fig. 11) . AE events migrate generally upward through different stages. For each stage, they outline smaller ellipsoids whose centers (points with maximum Gaussian kernel density) are slowly moving upward, from a depth of *412 m at the beginning of the experiment to a depth of *408 m at the end of HF2. The initial fracture phases (Frac and Refrac 1) cover the depth interval between 408 and 414 m; the lower tip of the In addition, we can analyze the small temporal scale migration within each stage, to discuss its time dependence with respect to fluid injection and fluid pressure changes. More details can be depicted for the stages with more abundant AE events. Therefore, we show here the results for Refrac 1 and Refrac 5 (Fig. 12) . Refrac 1 reflects the same pattern identified for the whole experiment, with the seismicity moves upward (Fig. 12a ). Refrac 5 also shows an upward migration pattern, reaching the shallower seismicity during the constant injection rate. However, the seismicity moves downward at the end of the experiment, covering the depth interval between 411 and 414 m (Fig. 12b) .
Discussion
The automated detection and accurate location of AE events are crucial to describe the progress and growth of hydraulic fractures. Traditional approaches using recording in trigger mode for (near) real-time assessment are essential for rapid interpretations to decide about the next operations for hydraulic fracturing. However, weak and simultaneous events could be lost or their phases not properly associated. Indeed, the largest possible number of events should be detected and considered for advanced analysis to understand the behavior, extension and growth of hydraulic fractures. Waveform stacking and coherence techniques (Heimann et al. 2017; Grigoli et al. 2016 ) have been here adapted to detect and locate AE sources for massive datasets with very high sampling (1 MHz). Using continuous waveforms, we are able to identify a large number of events, even in the presence of AE activity bursts, when multiple events occur close in space and time. Moreover, our approach is based on the detection of coherent increased in waveform amplitude at multiple sensors, being able to detect events even in the presence of noise-contaminated data. At this respect, it should be noted that a trigger-based approach (Zang et al. 2017 ) was able to detect and locate 102 events in the same dataset, after removal of artificial sources, whereas our catalogue of located frac-induced AE events is more than 40 times larger (4158 events). The detection threshold is the most relevant parameter which influences the detection performance of the used algorithm. A low threshold allows the detection of weak events at the cost of a higher number of false detection and noise signals of different types. In this sense, it is desirable that the detection setup can be in future combined with a classification algorithm to distinguish true and false events and classify different signals in an automatic manner, e.g., using hidden Markov models that have already been introduced in the field of induced seismicity (Beyreuther et al. 2012) . At this stage, we performed a manual classification, diving the detections in five categories: real AE events, electronic noise, anthropogenic noise, long period noise and other signals. The inspection of the temporal evolution of signal detection reveals that 85% of AEs take place during the phases of increased flow rate and increasing pressure, dropping very quickly in time as soon as the pressure decrease and the flow stopped. In the time periods between each fracture and refracture operations, very few and weak events are detected. A complete catalogue of AE events is obtained in an underground experiment with hydraulic fracture growth in naturally fractured crystalline rock. Our catalogue allows to Fig. 8 Comparison for the different stages during the HF2 experiment: number of events (red bars), maximum M AE (magenta stars), maximum value for the rate-dependent completeness magnitude M c (t) from Hainzl 2016 (magenta squares), b value (black dots) and injected volume (blue inverted triangles). Note that the continuous AE recording was not fully operational during experiment Refrac 2; therefore, the maximum M AE and the number of events are not representative (color figure online) estimate the M AE in order to evaluate the FMD. High b value (*2.4) is obtained for the HF2 experiment, reflecting similar characteristics observed in salt mining-induced microseismicity (Maghsoudi et al. 2014) . A deficit of larger events linked to the constant injection rate during a limited time could be associated with this high b value. A slight decrease in the b values is shown for the different stages of the HF2 experiment (Fig. 8) . The maximum observed magnitude increases with time in the fracturing experiment reaching its maximum value (M AE,max 2.79) at the end of the experiment (Refrac 5) when the injected volume is the largest. The overall M c is estimated around 1.1, but we observe a minimum value of M AE,min 0.77. The rate-dependent incompleteness of our catalogue reveals a decrease in the b values for larger AE activity rates, as found for aftershock sequences and earthquake swarms (Fig. 9a) . The observed slight progressive increment of M cmax (t) appears related with the increase in the M AEmax during the whole HF2 experiment (Fig. 8) . Furthermore, during the refracturing phases with the largest events (Refrac 4 and 5), we observe a temporal decay of M c (t), a pattern observed for aftershock sequences triggered by a mainshock that are much larger in magnitude than the detection threshold of the seismic network (Hainzl 2016) (Fig. 9b) .
Figures 13 and 14a discuss the relation between injected volume and seismicity parameters. The maximum magnitude in each frac/refrac phase appears to be correlated to the injected volume (Fig. 13a) ; this support observations for moderate injection induced seismicity (McGarr 2014), but never discussed for AE activity. No clear correlation Fig. 9 Applications of the algorithm from Hainzl (2016) to estimate the rate-dependent completeness magnitude M c (t). a Estimated b values for M c (t) calculated for different threshold rates r max , showing stable results for values smaller than approximately 300 events/min, in which horizontal line refers to b = 2.57. Dashed horizontal line shows the b value = 2.38 using the maximum curvature technique (see Fig. 7 ). Right ordinate indicates the number of events (N) with magnitude larger than M c (t). b Estimations of M c (t) for r max = 200, 300 events/min applied to all events in the HF2 experiment (blue and red lines, respectively). Gray dots indicate recorded AE events with their magnitudes. Different stages for HF2 are also indicated using the background colors defined in Fig. 6 (color figure online) Characterization of Hydraulic Fractures Growth During the Ä spö Hard Rock Laboratory… 2995 could be found, in change, between the injected volume and other seismicity parameters, such as b value and number of AEs events (Fig. 13b, c) . McGarr (2014) suggested that the maximum experience magnitude of injection induced seismicity should not overcome a bound which linearly increases with the injected volume. This relation seems to hold for our case (Fig. 14a) . Assuming the relation proposed by McGarr (2014) and the overall injected volume of 29.7 l during HF2, one would expect that the maximum magnitude should not exceed a value of M w = -0.06. Since we cannot easily convert M AE estimates into equivalent moment magnitudes, we consider that the maximum induced AE event during HF2 would correspond to the worst case scenario of a rupture involving the whole length of the imaged fracture, which is equal to 10 m (the value of the largest principal axe of the ellipsoid identified from the AE locations). Using the source model of Madariaga (1976) and a stress drop Horizontal plane in light gray color is also shown as reference whose intersection with the rupture plane (black line) indicates the azimuth direction. AE sensors and the fracturing borehole are also shown using black triangles and a blue line (color figure online) Dr = 3 MPa (McGarr 2014, also consistent with the stress drop range suggested by Kwiatek et al. (2011) , and Goodfellow and Young 2014), we obtain a magnitude M w of -0.08, compatible with the magnitude limit suggested by McGarr (2014) . On the other hand, Dahm et al. (2008) show an empirical relation for the maximal induced earthquakes as a function of the size of the seismicity cloud or, if otherwise estimated, the size of the intrusion (Fig. 14b) . In that case, the worst case scenario would reveal a more realistic M w of -3.07 if we compare it with the observed largest AE event (M AE,max 2.79 corresponding to M w around -5, Eisenblätter and Spies 2000). This finding would support that an upper bound for the maximum expected magnitude down to the magnitude scale of AEs. However, it should be noted that an accurate calibration of the AE sensors and their coupling would be needed to develop a robust relation between M AE and M W . Robust and sufficiently accurate AE locations are reached applying waveform coherence analysis; absolute locations are further improved by relative location using a master event approach . The location quality supports a safe interpretations, in terms of fracture growth and extent. The hydraulic fracturing induced AE activity appears spatially clustered in a prolate ellipsoid, which resembles the main fractured volume (*105 m 3 ). Its principal axes (a = 10 m; b = 5 m; c = 4 m) define the size and orientation (strike *123°, dip *60°). The fracture process exhibits an asymmetric growth with respect to the injection point along the fracturing borehole, which can be interpreted as the result of unequal conditions for fracture growth at opposite sides of the well, e.g., resulting from effective stress gradients of buoyancy effects (e.g., Dahm et al. 2010) . AE events generally migrate upwards covering the depth interval between 404 and 414 m. However, at the end of the experiment, the scatter of the AE activity migrates downwards and appears located in the same area of the initial fracture phase, suggesting a crack-closing effect.
Conclusions
The Ä spö mine (Sweden) hydraulic fracturing experiment was first described in its overall layout by Zang et al. (2017) , who discussed preliminary findings on induced acoustic emissions, based on triggered recordings. In this work, we analyze the recorded AE signals in much higher detail, focusing on the most seismically productive Fig. 11 Fracture growth is analyzed from the locations of the AE event showing the Gaussian kernel density where red denotes a higher density of AE sources and blue regions with few events. This kernel density estimator (KDE) shows the probability density function according to the spatial distribution of the hypocenters for each plot. A normalized color bar scale is used for all plots; the absolute maximum value of the KDE is indicated on the lower right corner for each plot. Results are shown for different stages: whole HF2 experiment (first column), initial fracture phase (Frac, second column) and the propagation of the rupture during different refracturing (Refrac 1, 3, 4 and 5-third to sixth columns). Dots are scaled according to the M AE (see legend in the first box). Three perspective views are shown: view from above (first line), side view along the azimuth of the rupture plane (second line, see Fig. 10b ) and side view perpendicular to the rupture plane (third line, see Fig. 10d ). We characterize an ellipsoid where the seismicity is clustered through its principal axes (a, b, c) and whose center is located about 1 m (eccentricity, e) away from starting of the HF2 experiment (see labels in first column). Location of the HF2 experiment and fracturing borehole are shown by a white star and a black line (color figure online) Fig. 6 . On the right side, locations of the AE events showing the Gaussian kernel density where red denotes higher density of AEs and blue regions with few events. This kernel density estimator (KDE) shows the probability density function according to the spatial distribution of the hypocenters for each plot. A normalized color bar scale is used for all plots; the absolute maximum value of the KDE is indicated on the lower right corner for each plot. Each column considers the AE events for 1-min duration (see division of the figure on the left side). Dots are scaled according to the M AE (see legend in the first box). Three perspective views are shown: view from above (first line), side view along the azimuth of the rupture plane (second line, see Fig. 10b ) and side view perpendicular to the rupture plane (third line, see Fig. 10d ). Location of the HF2 experiment and fracturing borehole are shown by a white star and a black line (color figure online) and time. The most significant new results of this work are listed below.
• The application of an unsupervised automated full waveform detector applied to the continuous dataset increases the size of the AE catalogue by a factor of *40, with more than 4000 AEs detected, against 102 AEs for HF2. This size increase in the AE catalogue implies a decrease in the M c . However, the improved detection may also concern relatively large AEs, which may be undetected by the triggered mode operations, if they are preceded by a period of high AE activity.
• A waveform-based hypocenter location method (Grigoli et al. 2013 (Grigoli et al. , 2014 has been adapted and applied to very high sampled data (1 MHz sampling, against 200 Hz sampling of original applications). Locations have been furthermore refined using a relative, master event location approach . Furthermore, it is important to note that the KDE provides a novel framework for the quantitative interpretation of massive microseismicity datasets. The large number of AE locations allows to treat the hypocentral cloud in a probabilistic framework, defining the fracture extent on the base of the spatial density of AE sources.
• The large and more complete AE catalogue allowed to perform a more robust analysis of the frequencymagnitude distribution (FMD), which revealed important new results: (1) the FMD follows a GutenbergRichter law with a high b value (2.38; 2.57) and M c (1.1; 1.61) estimated according to two different techniques (Wiemer and Wyss 2000; Hainzl 2016) ; (2) range of observed magnitudes from 0.77 to 2.79 (magnitude values according to a M AE scale). We furthermore proof that the high seismicity rates during each frac stage increase temporally M c above a basic completeness magnitude: This effect is here observed and quantified for the first time in a hydraulic fracturing process.
• The geometry and extent of the fracture are much better constrained, resembling the main activated fracture volume of about 105 m 3 . Improved detections and locations allow to see the extension and track the planar rupture also below the injection point down to 414 m depth, instead of 410 m, as previously mapped. Similarly, the increased dataset allows to track the spatiotemporal migration, both among and within fracturing and refracturing stages. For example, we clearly observed a backward migration of hypocenters, after the injection stops, and suggest its relation to the process of closing induced fractures.
• The relation between injected volume and seismicity parameters is discussed: The maximum magnitude in each frac/refrac phase appears to be correlated to the injected volume, whereas we found no correlation between injected volumes and the b values or the AE rate. A correlation among injected volumes and maximal magnitude supports similar empirical observations for injection induced seismicity (McGarr 2014), but extends it by several magnitude ranges down to the scale of the AE activity.
• We discuss observed AE magnitudes and their potential upper bounds in the light of two different approaches to estimate the maximum magnitude during hydraulic fracturing (Fig. 14) . Whereas the range of observed magnitude satisfies the empirical estimates of maximal magnitude according to both model, the approach of Dahm et al. (2008) appears to be more consistent with our results and more adequate to define the maximal magnitudes when the fluid injection operation produces the opening or reactivation of tensile fractures, rather than the activation of shear failures.
In summary, hydraulic fracturing monitoring with highfrequency acoustic emission sensors generates massive dataset recording that could be rapidly analyzed in order to understand the progress and growth of hydraulic fractures. We proofed that waveform stacking and coherence analysis techniques allow detecting and locating automatically AEs, even using very high sampling rates. Our results extend the adoption of similar detection and location techniques, successfully applied for monitoring induced and natural seismic activity at local and regional distances (Matos et al. 2016; López-Comino et al. 2017a ) also to very small-scale applications and for hydraulic fracturing, i.e., cm to dm scale fracturing events. 
